The clinical efficacy of neurofeedback is still a matter of debate. This paper analyzes the 2 factors that should be taken into account in a transdisciplinary approach to evaluate the use of 3 EEG NFB as a therapeutic tool in psychiatry. Neurofeedback is a neurocognitive therapy 4 based on human-computer interaction that enables subjects to train voluntarily and modify 5 functional biomarkers that are related to a defined mental disorder. We investigate three kinds 6 of factors related to this definition of neurofeedback. We focus this article on EEG NFB. The 7 first part of the paper investigates neurophysiological factors underlying the brain 8 mechanisms driving NFB training and learning to modify a functional biomarker voluntarily. 9 Two kinds of neuroplasticity involved in neurofeedback are analyzed: Hebbian 10 neuroplasticity, i.e. long-term modification of neural membrane excitability and/or synaptic 11 potentiation, and homeostatic neuroplasticity, i.e. homeostasis attempts to stabilize network 12 activity. The second part investigates psychophysiological factors related to the targeted 13 biomarker. It is demonstrated that neurofeedback involves clearly defining which kind of 14 relationship between EEG biomarkers and clinical dimensions (symptoms or cognitive 15 processes) is to be targeted. A nomenclature of accurate EEG biomarkers is proposed in the 16 form of a short EEG encyclopedia (EEGcopia). The third part investigates human-computer 17 interaction factors for optimizing NFB training and learning during the closed loop 18 interaction. A model is proposed to summarize the different features that should be controlled 19 to optimize learning. The need for accurate and reliable metrics of training and learning in 20 line with human-computer interaction is also emphasized, including targeted biomarkers and 21 neuroplasticity. All these factors related to neurofeedback show that it can be considered as a 22 fertile ground for innovative research in psychiatry. 23 24 Keywords
Neurofeedback (NFB) is a neurocognitive therapy based on human-computer interaction. The 2 objective of NFB is to enable subjects to voluntarily train and modify functional biomarkers 3 that are specific to mental disorders, in order to improve symptoms or cognitive processes. In 4 psychiatry, a biomarker is usually a psychophysiological variable that is objectively measured 5 and evaluated as an indicator of pathogenic processes or therapeutic responses [71] . However, 6 most of the current electroencephalographic (EEG) NFB protocols are not based on the 7 modulation of disorder-specific biomarkers but on the modulation of a few spontaneous brain 8 rhythms, mainly defined by the frequency of their oscillation [2, 55, 57] . This strategy is 9 prevalent since spontaneous brain rhythms demonstrate a high signal-to-noise ratio in EEG 10 recordings, and because they can be disrupted in some mental disorders, e.g. increased theta 11 and reduced beta power in patients with Attentional Deficit and Hyperactivity Disorder 12 (ADHD) when compared to healthy controls [3] . However, the clinical efficacy of this 13 approach remains a controversial and delicate issue even for well-investigated applications, 14 such as the therapeutic use of EEG NFB in ADHD [14, 54] . Indeed, the effectiveness of 15 neurofeedback is largely debated [22, 56, 79, 80] . In this paper, we propose that several 16 factors related to the concept of biomarker may be responsible for the conflicting results in 17 the EEG NFB literature:
Limited understanding of the brain mechanisms driving NFB learning to modify a 19 functional biomarker voluntarily, i.e. neurophysiological factors [22] , 20 (ii) The inconsistent relationship between EEG biomarkers and clinical dimensions 21 (symptoms or cognitive processes), potentially due to the symptom-based neurophysiological mechanism(s) behind the long-term conditioning of brain rhythms remain 2 unclear.
3 Given common observations that plasticity manifests in the same direction/frequency targeted 4 by the NFB protocol, Ros and colleagues proposed a mechanism based on associative (i.e.
5
Hebbian) plasticity and encapsulated by the phrase [67]: "synapses that fire together wire 6 together, and synapses that fire apart wire apart". This type of correlation-based plasticity 7 occurs when connectivity is reinforced by temporally-coincident neuronal activation. As 
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In closing, this first section has focused on the neurophysiological foundations of EEG NFB, 1 which enable it to be used as a unique therapeutic tool for targeting specific neural activities 2 and inducing neuroplasticity. However, beyond basic up-or down-regulation of brain 3 rhythms, the central challenge of NFB is to target clinically relevant biomarkers that are 4 consistent with the psychophysiological foundations of mental and brain disorders. The 5 following section focuses on this challenge.
6
Neurofeedback and its psychophysiological deleterious effects of our current lack of precise knowledge about the underlying brain/mental 28 processes. We advocate here that acknowledging this fundamental limitation is a useful 29 starting point to guide the research and development of future NFB therapies. Furthermore, 30 this limitation holds whatever the functional modality used to record brain activity 1 (electrophysiology, fMRI, fNIRS, etc.).
2
As the first step to overcome this limitation, we consider it essential to inventory and refine 3 the existing list of EEG biomarkers and associated cognitive functions. In the following 4 section, we propose an "EEGcopia" to illustrate the need to rely on EEG biomarkers that are 5 strongly linked to symptoms or cognitive processes. We discuss this concept of EEGcopia 6 below and provide a preliminary list that highlights the need to link psychiatric nosology and 7 putative biomarkers with clinical dimensions such as executive function, emotion regulation 8 and reward processing (see Supplementary material). The opportunity to construct new 9 therapeutic hypotheses based on other EEG and putatively more specific biomarkers than 10 those used so far in NFB is illustrated in two concrete and very topical fields of 11 NFB/psychiatric research: depression and ADHD.
12
A proposed EEGcopia for neurofeedback in psychiatry 13 Most NFB investigations to date have focused on a limited set of EEG frequency ranges (the 14 two most famous being the disorders such as depression. 21 The emblematic research field of ADHD and P300-based training 
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The P300 is a large positive complex that reaches its peak at approximately 300 milliseconds This second section has focused on the psychophysiological foundations of NFB applied to 20 mental disorder and has demonstrated how it should be related to a better definition of 21 biomarker in order to target neural activities specific to symptoms or cognitive processes.
22
However, even if the chosen biomarker is strictly related to symptoms or cognitive processes, 23 it should also be verified that it is effectively modified during the NFB sessions. Moreover, it 24 should be studied the impact of control beliefs [86], i.e., participants' beliefs that their efforts 25 to learn would result in a positive outcome, and self-efficacy [6], which can be defined as 26 participants' beliefs in their own abilities to manage future events, on the NFB training.
27 Surprisingly, this domain on which the following section focuses remains a major challenge 28 for NFB, and the field of BCI is of great interest to enhance knowledge on optimized training 29 and learning for NFB in psychiatry [22] .
30
NF and BCIs are traditionally underlain by different methods. In NF, the target 31 neurophysiological pattern (location, frequency) is usually defined in advance. Users are 32 asked to figure out by themselves how to self-regulate this pattern. In BCI however, a 33 machine learning approach is most of the time employed. Such an approach consists in using 34 signal processing algorithms in order to determine the location and frequency of the target 1 neurophysiological pattern that enables the best discrimination between different states (e.g., 2 motor-imagery task vs. rest). In case of a BCI involving left vs. right-hand motor imagery 3 tasks, these EEG patterns would theoretically correspond to modulations of sensorimotor 4 rhythms. However, when a pure machine learning approach is used (i.e., without any a priori 5 on the location/frequency of the pattern), as is mostly the case in BCIs, other EEG patterns 6 could be selected. 7 Neurofeedback and its human-computer 8 interaction foundations 9
A human computer interaction model for neurofeedback 10 To globally improve NFB efficacy in patients, it is necessary to understand and then reduce learning, potentially impacting performance). These papers offer insightful elements to 20 understand and reduce the variability of clinical NFB efficacy. 21 When studying user training in NFB and BCI, it is indeed essential to consider the impact that neurotechnologies that enable a user to control an application through the completion of 21 mental-imagery tasks such as imagining movements, i.e., motor-imagery, that are associated 22 with a specific modulation of the user's brain activity. Therefore, as is the case in NFB 23 applications, MI-BCI users have to learn to modulate a target neurophysiological substrate. 24 Consequently, the literature on BCI is of interest to better understand the factors influencing 25 learning in NFB. neurofeedback, see [17, 19] . The model in Figure 2 includes three categories of factors: task-specific, 17 cognitive/motivational and technology-acceptance related factors. As this model focuses on MI-BCIs, the task-specific factors refer to spatial abilities, i.e., the ability to produce, 1 transform and manipulate mental images. It is likely that in other kinds of BCI or NFB 2 paradigms, different task-specific factors related to the targeted neurophysiological will have 3 to be identified. The other two families of factors are more generic and do not depend upon 4 the BCI/NFB paradigm used. They include, on the one hand, factors related to cognitive and 5 motivational traits and states, and on the other hand, factors related to patients' acceptance of 6 the technology, i.e., the way they perceive the technology and consequently the way they will 7 interact with it, e.g., to what extent they feel in control as well as their anxiety or confidence. 8 The model suggests that the learning process during BCI or NFB training procedures is 9 influenced by patients' traits and states, which in turn are modulated by the perception of the This subsection analyzes a training task that can be adapted and adaptive in order to optimize 10 the learning process. The type of the task and its difficulty can be adapted [59] . The type of 11 the task comprises the psychophysiological parameter that the user is asked to modulate. This 12 modulation can be used to control various applications. For instance, with motor imagery, the 13 different exercise types would be the possible mental commands; e.g., motor imagery of 14 hands, feet or tongue. The instructions serve to guide the user in knowing which exact mental 15 command he is supposed to perform in real time (trial-by-trial). The type of the task can be 16 adapted or adaptive. So far in the literature, adapted types do not seem to have been explored. 17 However, adaptive BCI/NFB task types have been explored. For instance, the machine could 18 automatically identify which psychophysiological parameter works best for the users to assist 19 them to more easily manipulate the system. For instance, machine learning (Bandit algorithm) 20 has been used to select the MI task type within runs (among hands, feet and tongue) in order 21 to identify as quickly as possible for which one the user has the best performance [24] . The 22 same could apply for NFB tasks, where the user is asked to regulate different EEG patterns 23 from the initial ones if he is unable to regulate or produce them. 24 The difficulty of the task may be defined by the amount of mental resources that the patient 25 needs to engage in it in order to complete it successfully. This is related to the skills of the 26 user at EEG self-regulation. Ideally, to ensure efficient learning, the task difficulty should 27 match the user's skills in order to be neither too easy -which would be boring -nor too 28 difficult -which would be frustrating. The difficulty of the task can be adapted or adaptive, motor-imagery task difficulty was increased from 1D, then to 2D, and finally to 3D cursor 3 control within sessions [52] . Another way to increase user performance and motivation is to 4 adapt the perceived task difficulty by providing a feedback which does not comply with the 5 real performance of the user but is positively biased or is adaptively biased [58] . Finally, the 6 difficulty in an experimental context can differ from an ecological one, so virtual reality 7 coupled with NF/BCI could be useful to train the subject in a more realistic environment [45]. 8 Indeed, in these types of protocol, the level of the environmental distractors and therefore 9 difficulty can be controlled, e.g., by increasing the speed of instructions or adding distracting, 10 real-life, environmental noise.
11
Adaptive difficulty can be further explored by educational theories. Indeed, instructional 12 design theories and flow theory show that to promote progress and intrinsic motivation, a task 13 should be engaging, often ludic and adapted to the user's skills [48, 58] . This suggests that
14
NFB training tasks could also follow educational theories to foster learning and intrinsic 15 motivation. Moreover, the cognitive strategy of the user, which refers to the way the user tries 16 to modulate the psychophysiological parameter used in the exercise, could be influenced by 17 the instructions as well as by various feedback.
18
Towards adapted and adaptive feedback for BCI/Neurofeedback 19 This subsection analyzed the feedback that can be adapted and adaptive in order to optimize 20 the learning process. Feedback is an indication provided to users that allows them to learn to 21 modulate their brain activity. However, providing feedback that is appropriate and 22 informative is a great challenge [48] . A substantial number of studies on BCI have focused on 23 feedback modality, content and social features. 24 Concerning the feedback modality, the effects of adapted and adaptive classic visual 25 feedback, auditory feedback, tactile feedback or even multiple sensory modalities feedback 26 have been studied. Such feedback can improve control display mapping to further enhance the 27 sense of agency which influences the technology acceptance factor presented in Figure 2 . 28 Adapting the modality of the feedback also makes it possible to take general cognitive 29 principles into account, e.g. the presentation of information on different modalities enables a 30 faster response, related to the "redundant signal effect", but it also makes it possible to adapt 31 to the sensorial impairments of patients [41] . Moreover, virtual reality can be used to improve 32 training by providing motivating and immersive feedback [45] .
Concerning the content of feedback, some task-specific elements have been studied. For 1 example, a key element for controlling BCI is for users to understand how their brain activity 2 is modified when performing a task. Such representation of their brain activity can be A key objective for future research should be to focus on making feedback more informative 1 by better understanding learning processes and improving measures of performances of BCI.
2 Moreover, a challenge arises from enriching the feedback without overloading users with 3 more information than they can process given their capacities. Assessing cognitive abilities 4 such as attention and providing related adaptive feedback would provide interesting insights 5 into this issue. Overall, BCI/NFB would benefit from studies combining several of these 6 factors and assessing the interactions between them. The goal is to provide feedback that is 7 both adapted and adaptive to training tasks, users' profiles, and their social and physical 8 environment, a criterion often forgotten but which should be given more consideration by 9 doing more ecological experiments, e.g. by using virtual reality. with a positive reinforcement for a given percentage of occupation time below or above the 28 threshold. The threshold is continuously estimated according to the signal recorded just 29 before. However, the limitation is that the patient is rewarded only for changing his/her brain 30 signal based on the previous averaged time period and not from the starting point, which 31 drastically reduces the chance of learning across NFB sessions [73] . When the threshold is set 32 manually by the professional, it is based on a baseline recorded before the NFB session. If the 33 number of positive reinforcements is too high or too low during the session, the threshold can 1 be adjusted [73] . However, there is a risk of inconsistency between different NFB 2 practitioners, as each one will adapt the task according to their own clinical experience.
3 Moreover, different practitioners will typically take the profile of each patient into account 4 (i.e., psychological, cognitive and neurophysiological states and traits) subjectively according 5 to their global feeling and not according to evidence and objective features. Moreover, the 6 clinician may not be able to evaluate a state or a trait evolution that would be crucial to adapt 7 the training task. Strehl (2014) stressed that "the therapist will need to know the laws of 8 learning as well as how to apply NFB training in order to be a competent partner". However, 9 the limitation of this standpoint is that these skills currently rely on clinical experience [26] 10 rather than on scientific knowledge related to NFB learning processes [73, 85, 95] . Thus, the 11 remaining challenge for assessing the efficacy of NFB therapies is to develop rigorous 12 standards that ensure the consistency (a.k.a., fidelity -Gevensleben et al., 2012) of NFB 13 training protocols in order to optimize the potential positive effects of NFB on learning.
14 However, no "optimal" NFB training procedure has yet been defined, and one research 15 challenge is to design and evaluate optimal NFB training based on relevant performance and 16 skill metrics. 17 The second challenge is to improve understanding about how these metrics and This paper investigated the neurophysiological, psychophysiological and human computer 10 interaction foundations of neurofeedback. A transdisciplinary approach is now needed to 11 evaluate rigorously the use of EEG NFB as a therapeutic tool in psychiatry. Figure 4 . 12 Notwithstanding the debate on the efficacy of NFB for treating mental disorders, this field of 
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